The energy or fuel consumption of the millions of vehicles that daily operate in road 25 pavements has a significant economic and environmental impact on the use phase of road 26 infrastructures regarding their life cycle analysis. Therefore, new solutions should be 27 studied to reduce the vehicles energy consumption, namely due to the tire-pavement 28 interaction, and contribute towards the sustainable development. This study aims at 29 estimating the energy consumption due to the rolling resistance of tires moving over 30 pavements with distinct surface characteristics. Thus, different types of asphalt mixtures 31 were used in the surface course to determine the main parameters influencing the energy 32 consumption. A laboratory scale prototype was developed explicitly for this evaluation. 33
Introduction 42
This work presents a new approach to evaluate energy consumption in the tire-pavement 43 interaction and applies data mining techniques in an unexplored research area to study 44 solutions for sustainable roads. No other work has been identified in the literature for 45 evaluation of energy consumption in the tire-pavement interaction based on a purpose-46 built laboratory prototype. In the future, this approach will allow the study of the energy 47 resistance of an agricultural tractor tire moving over a clay loam soil (Taghavifar et (SVM) was also used for modelling the mechanical behavior of hot-mix asphalt 170 (Gopalakrishnan and Kim, 2011) , predicting the performance of stabilized aggregate 171 bases subjected to wet-dry cycles (Maalouf et al., 2012) , classifying vehicles into five 172 types using embedded strain gauge sensors (Zhang et al., 2008) , and for developing an 173 aggregated CO2 emission model for light-duty cars (Zeng et al., 2017) . 174
The techniques used in this work were the ANN (a simplified model of the biological 175 structure of the human brain) and the SVM (used as an alternative method). In fact, these 176 two methods were those most commonly used in the previous examples of data mining 177 application to road pavement engineering studies. They are both highly nonlinear and do 178 not need prior knowledge about the nature of relationships among the data (Stulp and  179 Sigaud, 2015), thus being suitable to define new models for data measured with the new 180 prototype used in the experimental phase of this work. In fact, they can capture complex 181 interactions among a significant amount of data (Nguyen, 2018) that are difficult to model 182 with the traditional statistical methods.
Materials and methods 184

Materials 185
During this work, four pavement surfaces were tested to evaluate their influence on the 186 energy consumption on the tire-pavement interaction. Thus, paving materials with 187 significantly different surface characteristics were selected to represent a wide range of 188 road pavements. 189
One of the selected materials was a conventional asphalt concrete mixture (AC 14), the 190 most common surface course used in Portuguese roads. The second surface was a slurry 191 seal bituminous material with a 4 mm maximum aggregate size. This surface was selected 192 as a solution generally used for pavement maintenance operations. A porous asphalt (PA 193 12.5) was tested as the third surface material, representing a mixture with a rougher 194 surface texture used in highways located in warm and rainy areas. Finally, a grouted 195 macadam was used to test a stiffer and smoother material for pavement surface courses. 196
All these surfaces were characterized, according to several methods presented in Section 197 2.3, and their energy consumption evaluated in a purpose-built prototype described in the 198 following section. 199
Purpose-built prototype 200
The laboratory prototype (Fig. 1) specially developed for the present work is a piece of 201 equipment comprising a central element (shaft), which holds the prototype to the floor 202 and assures the necessary stability of the system, and two symmetrical arms provided 203 with wheels at the outer ends. One of the wheels (driving wheel) is engaged to an electric 204 motor, which controls the movement of the prototype around the central element. The 205 choice of electric power was imposed by the use of the motor in closed spaces (laboratory) 206 but also resulted from the better control in energy consumption data acquisition with this 207 system (which is essential to evaluate how it is influenced by surface characteristics). The 208 motor is a fundamental component and was equipped with a reduction gearbox and a 209 variable frequency controller to allow slow starting movements and avoid sudden stops. 210
A third arm, perpendicular to the other two, is also coupled to the central shaft and is 211 provided with a laser to evaluate the pavement surface profile. A specific software 212 program was created using LabVIEW to control the electric motor (e.g., the speed) and 213 to collect data from the prototype, with special consideration to the motor energy 214 consumption and laser readings. The arms have a length of 1.25 meters between the rotation shaft and the center of the 218 wheels. Spherical plain bearings connect the arms to the central part to ensure permanent 219 contact between the tires and the pavement, and to minimize undesirable effects of 220 pavement unevenness. The prototype speed may vary between 0 and 20 km/h.In a base scenario, each wheel represents a 700 N force. However, additional weights can 222 be added to each arm to simulate different wheel loads, up to a maximum value of 1000 N. 223
Even though the prototype has some limitations regarding the maximum speed and load 224 (mainly due to safety reasons and space availability), the study of the energy consumption 225 in different surfaces (which is the primary goal of this work) is still possible. 226
The tires chosen for the prototype (195/50 R15 82V) are commonly available on the 227 market and used in several car models with 15-inch wheel rims. The temperature of any 228 tire generally increases after starting its movement, stabilizing after a certain period. As 229 the tire temperature increases, the rolling resistance (and consequent energy 230 consumption) decreases. According to the ISO 18164 standard, a period of 30 minutes 231
should be enough to stabilize tire temperature for passenger cars. 232
The testing speed of the rolling wheels and the corresponding energy consumption, 233 measured through a multimeter installed in the electrical cable, were acquired with the 234 abovementioned software. 235
Methods 236 2.3.1. Energy consumption measurement on the tire-pavement interaction 237
The experiments carried out to measure the energy consumption consist in rolling the 238 wheels of the prototype over selected pavement surfaces during some time, at a preset 239 constant speed, while measuring the electric energy consumption of the motor with the 240 multimeter. Some of the conditions used in the tests that were carried out with the 241 prototype are different from those specified in ISO 18164 standard for determining the 242 rolling resistance of passenger car tires. Thus, some preliminary tests were carried out to 243 assess the time required to stabilize the energy consumption measured in the prototype(corresponding to the rolling resistance stabilization). From these preliminary tests, it was 245 possible to conclude that a 60-minute warming-up period was necessary for the first 246 testing speed before collecting the energy consumption data. For the other testing speeds 247 (increased at 5 km/h intervals), a 20-minute warming-up period was enough for 248 stabilizing the energy consumption. 249
The differences in the energy consumption measurements obtained in this work can be 250 related to the tire-pavement interactions because all testing conditions were the same for 251 the different pavement surface materials. Furthermore, as the test speed is limited to 20 252 km/h, the influence of variables such as the air resistance is considerably reduced. 253
The influence of pavement surface characteristics on the prototype energy consumption 254 was modeled using data mining techniques. However, to obtain the necessary data, 255 several tests were carried out to evaluate the pavement skid resistance, texture, and the 256 surface profile. Skid resistance and pavement texture were estimated using the Pendulum 257
Test Value (PTV) and the sand patch test (Mean Texture Depth or MTD). The surface 258 profile was measured using the prototype's laser device (to obtain the Mean Profile Depth 259 or MPD). The Estimated Texture Depth (ETD) was also calculated using the MPD values. 260
Evaluation of pavement skid resistance properties 261
The PTV value was obtained using the pendulum test according to the EN 13036-4 262 standard. This method used to determine the slip/skid resistance of a surface comprises a 263 device which remains stationary at the test location and a pendulum arm including a 264 standard rubber coated slider assembly. The PTV corresponds to the loss of energy of the 265 rubber assembly sliding across the test surface and provides a standardized value of 266 slip/skid resistance. The data mining process was used in this study to model the energy consumption. The R 289 environment and a previously developed RMiner library were the tools used for the 290 necessary computations using (Cortez, 2010) . 
The multilayer perceptron architecture (Haykin, 1998) used in this work (Fig. 3 In this work, the Gaussian kernel function presented in Eq. (5) was adopted, because it 316 presents fewer hyperparameters and numerical difficulties then those of other kernels 317 (e.g., polynomial) (Cortez, 2010) . 318
The performance of the regression is affected not only by the kernel parameter, γ, but also 319 by a penalty parameter, C, and the width of the ε-insensitive zone. Taking the large size 320 of the search space of these parameters into account, the search performed in this work 321 was limited to the γ parameter. Thus, a value of C = 3 and the heuristic model √ ⁄ 322 (Cherkassky and Ma, 2004) were considered in this study, where 1.5 323 ∑ , is the value predicted by a 3-nearest neighbor algorithm and N the 324 number of examples. Then, the grid used for γ search was 325 2 , 2 , 2 , 2 , 2 , 2 , 2 , 2 , 2 , 2 , 2 , 2 , 2 , 2 , 2 . 326
The dataset was divided randomly into two subsets, the training and the testing sets 327 (respectively, 144 and 72 records), to assess the predictive capacity of the DM techniques. 328
The model was trained using a cross-validation procedure, fitting it with data from nine 329 subsets and testing it with the remaining subset, repeating the process for all subsets. 330
The model with the best performance in the training process (loaded with the 144 records) 331 was tested later with the 72 testing records not used in the training process. 332
The coefficient of determination (R 2 ), the root mean square error (RMSE), and the mean 333 absolute deviation (MAD) results were used to assess the models' performance. The 334 higher the R 2 , the better the performance of the model is. The lower the values of RMSE 335 and MAD, the better the predictive capacity of the model is. 336
Finally, a sensitivity analysis method was used to measure the importance of each 337 parameter (Kewley et al., 2000) . This analysis is designed to evaluate the model's 338 response to the change of each of the input parameters. The importance of a given input 339 parameter may be assessed by changing its value from a minimum to a maximum, 340 maintaining the average values of the remaining input parameters. Thus, the consequent 341 variance induced in the model output represents the importance of the input parameter. 342
Research outline 343
In order to summarize the relationship between the data processing and analysis methods 344 involved in this paper, the research outline followed in this work is schematically 345 represented in Fig. 4 . 346 Two data mining techniques (ANN and SVM) were tested using up to five input variables 367 (PTV, ETD, MTD, speed, and load) to predict the energy consumption. The models 368 obtained with both techniques were labeled M#, where # represents the number of input 369 parameters used in the model (5, 3 and 1). Some metrics (MAD, RMSE and R 2 ) were 370 used to evaluate the quality or performance of the different models obtained with ANN 371
and SVM techniques, as presented in Table 2 . 372
Both data mining techniques have presented predictive models with a good performance, 373 despite the complex and previously unknown relationships between the variables. In fact, 374 these results were only possible because both methods are highly nonlinear and do not 375 further analysis of data mining results will only be carried out for ANN models. There is 379 an explicit dependence of DM model performance on the number of input variables. The 380 higher the number of input variables, the higher the quality of the DM model, but its 381 complexity also increases. Thus, the minimum number of input variables needed to assure 382 adequate performance of the DM model must be determined, as subsequently discussed. 383
This problem may be particularly relevant when input data requires complex and time-384 consuming tests that stakeholders may not have conditions to carry out. Initially, the whole training set was used to fit the ANN model with five input variables 389 (M5), as presented in Fig. 5 . and ETD are well correlated, the first is used to measure the pavement surface texture 417 properties based on an area, while the latter infers the texture characteristics of the 418 corresponding area based on a single profile of the surface (which may be less accurate). 419
It is also clear that fuel consumption is not significantly affected by skid resistance (PTV 420 value). 421
The accumulated importance of speed, MTD, and load in the ANN model with five input 422 variables, used for energy consumption prediction, is greater than 95 percent. Therefore, 423 a second data mining analysis was carried out with only three input parameters (M3). 424 The ANN models with three input variables (M3) were fitted with the training set (Fig.  430   8a ) and with the testing set (Fig. 8b) 
